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Abstract
In this study, we present a method for identifying sources of water pollution
and their relative contributions in pollution disasters. The method uses a
combination of principal component analysis and factor analysis. We carried
out a case study in three rural villages close to Beijing after torrential rain on
July 21, 2012. Nine water samples were analyzed for eight parameters, namely
turbidity, total hardness, total dissolved solids, sulfates, chlorides, nitrates,
total bacterial count, and total coliform groups. All of the samples showed
different degrees of pollution, and most were unsuitable for drinking water as
concentrations of various parameters exceeded recommended thresholds.
Principal component analysis and factor analysis showed that two factors, the
degree of mineralization and agricultural runoff, and flood entrainment,
explained 82.50% of the total variance. The case study demonstrates that this
method is useful for evaluating and interpreting large, complex water-quality
data sets.
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1. Introduction
On July 21, 2012, torrential rain hit the city of Beijing, China. The average
rainfall over the whole city for the same period was 170 mm, the highest
recorded rainfall since 1951. The rainfall event was caused by long-term
regional rainfall and affected a significant part of Beijing. Within a day, there
were many obvious effects of the flood, including damage to property and
infrastructure. The floodwater killed 79 people (Gui-Feng, 2012), and 56,933
people were evacuated, causing damages of 11.64 billion Yuan and destroying
at least 8,200 homes (Sha-Sha, 2012). Overall, more than 1.9 million people
were affected by the flood ([8_TD$DIFF]Liu, 2012). Fangshan District, in the southwest of
Beijing, received a record-breaking 460 mm of rain and was the most heavily
affected area. The torrential rain triggered at least three types of natural disasters
in this district, including flash floods, ponding, and mudslides.
Inevitably, after a flash flood, there is an immediate response by government
agencies, as relief operations get underway to try and restore basic infrastructure
and provide the fundamental items that are necessary for survival and
subsequent recovery. Floodwater will often produce many health problems
because of, among other things, damage to water supply systems,
insufficient drinking-water supplies, and disruption of transport systems
(Michelozzi and de' Donato, 2014; Bich et al., 2011; Carroll et al., 2010;
Fundter et al., 2008). However, the most serious consequence of flooding is
large-scale contamination of drinking water (surface water, groundwater, and
distribution systems). Drinking water can be contaminated with microorganisms
such as bacteria, sewage, heating oil, agricultural or industrial waste, chemicals,
and other substances that can cause serious illnesses (Murshed et al., 2014;
Yard et al., 2014; Chaturongkasumrit et al., 2013). In such situations,
water-borne illnesses that are usually associated with poor hygiene and
sanitation can affect a large part of the population (Baig et al., 2012); therefore
access to clean drinking water and adequate sanitation is a priority.
To improve our understanding of pollution patterns and to support decision
making concerning effective control and prevention of disease, it is very
important to be able to identify hidden sources of drinking water pollution. To
date, principal component analysis (PCA) and factor analysis (FA) are the most
commonly used, multivariate statistical tools in water environmental science
(Shyu et al., 2011; Liu et al., 2011). These methods can be used to interpret
complex databases to obtain an improved understanding of water quality. These
techniques also permit identification of the possible factors or sources that are
responsible for variations in water quality and that influence the water system;
they can therefore support the development of appropriate strategies for effective
management of water resources and provide rapid solutions for pollution issues
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(Singh et al., 2004; Li et al., 2007; Kazi et al., 2009). However, to date, no
studies have been carried out to determine either the safety of water for human
consumption or the sources of water pollution after severe floods.
As stated above, the identification of hidden sources is critical to our
understanding of water pollution patterns and to support decision making about
site remediation. Therefore, multivariate statistical methods should be applied in
disaster impact analysis. The objectives of this study were, i) to describe the
changes in water quality because of the 2012 flash flood using laboratory
analysis methods; ii) to use the PCA and FA method to identify hidden
pollution sources and their contributions after the flash flood, and iii) to
demonstrate the merits of the suggested method using a case study.
2. Materials and methods
2.1. Description of sampling sites
The villages of Dahanji, Louzishui, and Huangshandian are located in the rural
zone of Beijing. These three villages are in the Fengtai District of Beijing, the
area worst hit by the flash flood. The main drinking water source for the
population of the region is groundwater. We carried out a detailed investigation
of drinking water in the study area on July 27, 2012. Nine water samples were
collected at key sites to be analyzed for a wide range of determinants that were
considered to represent the water quality of the groundwater system. The first
two sites (1 and 2) were in the area around Dahanji; four sites (3–6) were in the
environs of Louzishui, and three sites (7–9) were in the area around
Hangshandian (Fig. 1).
2.2. Sample collection
Samples were collected, preserved, and transported as outlined in the Chinese
National Quality Standards for Drinking Water (GB/T 5750.2-2006). In brief,
water samples were collected from the sampling sites using a sterilized sampler.
After adding a preserving agent, the choice of which was dependent on the test
variable, the samples were packed in sealed plastic bags, and then transported to
the laboratory.
2.3. Analytical methods
The samples were analyzed in the laboratory of the Institute of Disease Control
and Prevention, Academy of Military Medical Sciences, Beijing, following the
methods outlined in the Chinese National Quality Standards for Drinking Water
(GB/T 5749-2006 and GB/T 5750-2006). Samples were analyzed for turbidity
by the scattering method; for total hardness by the titrimetric method; for total
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dissolved solids by the gravimetric method; for sulfates, chlorides, and nitrates
by spectrophotometry; for total bacterial counts (TBC) by the plate count
method, and for total coliform groups by the multiple tube method. Data quality
was ensured through careful standardization, procedural blank measurements,
and spiked and duplicate samples. The laboratory also participates in regular
national programs for analytical quality control. The analytical precision for
replicate samples was within ±10% and the measurement errors between
determined and certified values were less than 5%.
2.4. Statistical analysis
Principal component analysis provides information on the most meaningful
parameters, which describe the whole data set through data reduction with
minimum loss of the original information (Alberto et al., 2001). It is a powerful
technique for pattern recognition that attempts to explain the variance between a
large set of inter-correlated variables and transforms it into a smaller set of
independent (uncorrelated) variables (principal components). The principal
component (PC) is expressed as:
[(Fig._1)TD$FIG]
Fig. 1. Map of the study area and sampling sites.
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zij ¼ ai1x1j þ ai2x2j þ ai3x3j þ :::þ aimxmj (1)
where a is the component loading; z is the component score; x is the measured
value of a variable; i is the component number; j is the sample number, and
m is the total number of variables.
Factor analysis attempts to extract a lower dimensional linear structure from the
data set. It further reduces the contribution of the less significant variables
obtained from PCA and extracts a new group of variables, known as varifactors
(VFs), by rotating the axis defined by PCA. The basic concept of FA is
expressed in Eq. (2):
zji ¼ af1f 1i þ af2f 2i þ af3f 3i þ :::þ afmf mi þ ef i (2)
where z is the measured value of a variable; a is the factor loading; f is the
factor score; e is the residual term accounting for errors or other sources of
variation; i is the sample number; j is the variable number, and m is the total
number of factors.
PCA and FA of water quality data were carried out using SPSS version 18.0
(SPSS Inc., Chicago, IL, USA). PCA of the normalized variables (water quality
data set) was used to extract significant PCs and to further reduce the
contribution of variables with minor significance; these PCs were subjected to
varimax rotation (raw) to generate VFs. VFs can be hypothetical underlying, yet
convenient, variables for the purposes of water quality assessment (Vega et al.,
1998; Helena et al., 2000). Each original water quality variable is the linear
combination of common factors and one unusual factor that explains the errors
or other sources of variation.
3. Results and discussion
3.1. Water quality with parameter variations
Understanding drinking water quality is important, given that it is the main
factor that determines its suitability for drinking (Wang, 2013; Kumar et al.,
2007). Summary data for eight parameters, including the mean and standard
deviation, are reported in Table 1. The maximum permissible limit for turbidity
in drinking water is 1.0 nephelometric turbidity units (NTU). The values of
turbidity varied widely and ranged from 0.48 to 9.99 NTU, with a mean of
3.26 NTU. Turbidity exceeded the permissible limit at six sites (sites 3–7, and
site 9). Water hardness is primarily caused by the presence of cations, such as
calcium and magnesium, and anions, such as carbonate, bicarbonate, chloride,
and sulfate (Ravikumar et al., 2011). Drinking water with a hardness value that
exceeds the limit of 450 mg/L is considered to be very hard. Total hardness
(TH) ranged from 218 to 481 mg/L, with a mean value of 369.2 mg/L as
CaCO3 (Table 1). Samples from two sites (site 1 and site 2) fell into the very
Article No~e00071
5 http://dx.doi.org/10.1016/j.heliyon.2016.e00071
2405-8440/© 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Table 1. Description of water-quality parameters.
Parameters Standard values
Sampling location
Mean Standard deviation[3_TD$DIFF]Site 1 Site 2 Site 3 Site 4 Site 5 Site 6 Site 7 Site 8 Site 9
[4_TD$DIFF] urbidity (NTU) ≤1 0.48 0.91 2.76a 9.99a 5.42a 1.9a 4.12a 0.88 2.86a 3.26 3.00
Total hardness (mg/L) ≤450 481a 473a 410 218 409 394 367.6 258.1 311.8 369.2 90.6
Total dissolved solids (mg/L) ≤1000 587 586 318 250 247 278 522 243 282 368 151
Sulfates (mg/L) ≤250 211.6 194.9 104 87.7 86.5 114 201 60.7 121.3 131.3 56.3
Chlorides (mg/L) ≤250 137.2 144.5 24.5 13.6 13.5 21.2 103.8 13.0 17.5 54.3 56.8
Nitrates (by NO3
-) (mg/L) ≤10 13.0a 11.4a 1.84 8.18 8.09 1.85 15.9a 7.6 12.1a 8.88 4.81
Total bacterial count (CFU/cm3) ≤100 28 297a 500a 2000a 72 2000a 2000a 1376a 1457a 1081 8548
Total coliform group (CFU/cm3) not
[21_TD$DIFF]detected
not
detected
not
detected
170a 1000a 67a 1000a 1000a 1000a 890a 570 488
a Values indicate exceedances of standard values.
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hard category, indicating that some of the water was unsuitable for drinking
purposes. TDS in water are determined by evaporating a water sample to
dryness, and weighing the residue that remains (Bahar and Reza, 2010). They
comprise compounds of inorganic salts (principally calcium, magnesium,
potassium, sodium, bicarbonates, chlorides, and sulfates) and small amounts of
organic matter that are dissolved in water. TDS ranged from 243 to 587 mg/L
and had an average value of 368 mg/L.
The abundance of the major anions in this study decreased in the following
order: SO4
2−>Cl−>NO3
−. The concentrations of sulfate, the first dominant
anion, ranged from 60.7 to 211.6 mg/L, and the average was 131.3 mg/L.
Chloride was the second dominant anion. Its concentrations ranged from 13.0 to
144.5 mg/L and the average value was 54.3 mg/L. Nitrates are the end product
of aerobic stabilization of organic nitrogen, and a product of the conversion of
nitrogenous material, a phenomenon that occurs in polluted water. The nitrate
concentrations of groundwater samples ranged from 1.84 to 15.9 mg/L, with an
average value of 8.88 mg/L. Nitrate concentrations of four samples exceeded the
maximum permissible limit of 10 mg/L.
Information about bacterial colonies in the water samples is also provided in
Table 1. TBC ranged from 28 to 2000 CFU/cm3, with an average value of
1081 CFU/cm3 in the sampled drinking waters. Water samples from only two
sites (site 1 and site 5) were within the maximum permissible limit of TBC,
while all the others exceeded the limit. Coliform bacteria, which are not an
actual cause of disease, are commonly used as a bacterial indicator of water
pollution. In the study area, coliform groups (TCG) were detected in seven
groundwater samples (from sites 3–9). When compared with the maximum
limits for microbial parameters in drinking water, the data indicate that most of
the samples were unsuitable for drinking water purposes. The above results
show that it is imperative to have sufficient information to be able to make
reliable statements about water quality. It is, however, often difficult to interpret
and draw meaningful conclusions from a huge complex data set comprising a
large number of parameters.
3.2. Source identification
Further, for effective pollution control and water resource management,
pollution sources and their relative contributions need to be identified. PCA was
used to support the identification and analysis of sources of water pollution. All
of the data were standardized with a mean of 0 and variance of 1. The results of
Kaiser–Meyer–Olkin (KMO = 0.548) and Bartlett's sphericity tests (P = 0)
indicated that parameters of these samples were suitable for PCA (Table 2). The
greater the calculated eigenvalues, the more significant the corresponding
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factors. Following Pekey et al. (2004), only eigenvalues ≥1 were selected. The
results of PCA after applying varimax rotation for the water-quality parameters
are presented in Table 3, while Fig. 2 shows the variation diagram in rotated
space. The results indicate that PCA reduced the number of variables to two
principal components (PCs), which explained 82.503% of the data variance. PC1
and PC2 accounted for 59.225% and 23.278% of the total variance, respectively.
The rotated component matrix was then obtained by orthogonal rotation. VFs
were obtained by applying FA to the PCs. The VFs and the corresponding
variable loadings are presented in Table 4. According to Liu et al. (2003), factor
loadings >0.75, between 0.5 and 0.75, and between 0.3 and 0.5 are considered
to be strong, moderate, and weak, respectively. Out of the two VFs, VF1 had
strong positive loadings for sulfates, TDS, chlorides, and nitrates (Table 4).
Concentrations of TDS in water vary considerably in different geological
regions owing to differences in the solubility of minerals (WHO, 2004). Further,
agriculture is very developed in the study area, and agricultural fertilizers are
extensively used. Therefore, VF1 could reflect both the mineral components of
the drinking water and the influence of agricultural runoff from the soil. VF2
has strong positive loadings for TCG and TBC, a moderate loading for turbidity,
and a strong negative loading for TH (Table 4). The communalities of TCG,
Table 2. Results of KMO and Bartlett's tests.
Kaiser–Meyer–Olkin measure of sampling adequacy [20_TD$DIFF] .548
Bartlett's test of sphericity Approx. Chi-square 76.225
df 28
Sig. 0.000
Table 3. Total variance explained.
Component
Initial eigenvalues
[44_TD$DIFF] otal % of variance Cumulative %
1 4.738 59.225 59.225
2 1.862 23.278 82.503
3 0.830 10.369 92.873
4 0.421 5.263 98.136
5 0.127 1.587 99.723
6 0.017 0.213 99.935
7 0.003 0.036 99.971
8 0.002 0.029 100.000
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TBC, and turbidity were relatively high, suggesting complex influences of
multiple sources on these variables. However, the high microbial loads and
turbidity arising from the floods resulted in water quality contamination.
Therefore, the results show that several microorganisms were transferred via
floodwater to different parts of this region and water for human consumption
was cross-contaminated by floodwater.
3.3. Source spatial distribution
The factor score of each sampling point VF can easily be calculated when SPSS
is used for FA. The factor score of each VF multiplied by its variance
[(Fig._2)TD$FIG]
Fig. 2. Principal component analysis loading plot for the eight parameters.
Table 4. Rotated component matrix.
Variables
Varifactors
[7_TD$DIFF]VF1 VF2
Sulfates 0.929 -0.297
TDS 0.898 -0.403
Chlorides 0.887 -0.414
Nitrates 0.838 0.163
TCG -0.098 0.938
TBC -0.014 0.926
TH 0.378 -0.857
Turbidity -0.250 0.553
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contribution rate accounts for the extraction of a common factor, which is then
weighted to obtain composite scores for each sampling site. The higher the
factor score of a sampling point, the more serious the pollution at that point.
Fig. 3 shows clearly that the different sampling points had different sources of
pollution. The common factor score of VF1, which represented the degree of
mineralization and agricultural runoff of the sampling points, was highest at site
7, followed by site 1, site 2, site 9, site 4, site 6, site 8, site 5, and site 3
(Fig. 3), which shows that variations in this region were mainly influenced by
geological conditions and agricultural production. Our survey also demonstrated
that these spatial distributions represented the degree of variation in agricultural
runoff from the soil. The common factor score of VF2 was highest at site 4,
followed by site 7, site 9, site 8, site 6, site 5, site 3, site 2, and site 1 (Fig. 3).
Previous analysis showed that VF2 mainly represented the effects of the flood.
Results showed that the floodwater introduced large amounts of impurities and
microbial contaminants into drinking water. These findings mirror those of the
actual survey, and confirm that the different sampling points suffered flood
damage to varying degrees. Thus, the method that we have presented appears to
be an effective tool for water pollution source apportionment and identification,
and may provide valuable reference information for pollution control and
emergency management.
4. Conclusions
The aim of this study was to identify the sources and the geographical
distribution of water pollution in the areas worst hit by a flash flood by
interpreting analysis results of the major water-quality parameters. The main
conclusions are as follows:
1. The eight parameters for which the samples were analyzed highlight the
variations in water quality. The results indicate that the nine samples were
[(Fig._3)TD$FIG]
Fig. 3. Spatial distribution of the factor scores for each VF. The size of the circle represents the size
of the factor score of each VF.
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unsuitable for drinking purposes; the results also indicate that it is difficult to
interpret and draw meaningful conclusions from a complex data set.
2. PCA and FA can provide useful information for assessing water quality. The
combination of these two methods showed that the pollution levels in the study
area were mainly influenced by two factors, the degree of mineralization and
agricultural runoff, and flood entrainment. Moreover, maps can present
information about spatial variations in drinking water quality in an easily
understood format.
3. This study demonstrates that the combination of PCA and FA provides a
useful and efficient method for summarizing data and reporting information to
decision makers to ensure an improved understanding of the quality status of
drinking water. This method should be very useful in the future.
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